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Abstract processing system. The classical graph query proble
can be described as follows: Given a graph database
Graphs are widely used to model complexD ={9s @. ..., @} and a graph query g, find all the

structured data. Given a graph query, it is desieab 9raphs in which q is a subgraph. It is ineffici¢ot

to retrieve graphs quickly from a large databasa vi Perform a sequential scan on the graph database and
graph-based indices. In this paper, we propose heck whether q is a subgraph af $equential scan
graph indexing and querying model based onis very costly because one has to not only acdess t
discriminative frequent fragments and fingerpririt o Whole graph database but also check subgraph
these fragments. There are two main steps: indelomorphism.

construction and query processing. In index Clearly, it is necessary to build graph indices in
construction phase, edge dictionary is used toorder to help processing graph queries. In thispap
simplify the process and to generate ids of grapHhe processing of graph query can be divided into t
edges. To reduce the size of index structure, twHajor steps:

techniques, size-increasing support constraint andl) Index construction, which is a preprocessing
discriminative fragments are used. Canonical codestep. performed before real query processing. It is
are then constructed based on discriminative freue done by a data mining procedure, essentially
fragments. Then DB fingerprint is built based on€valuating, and selecting indexing features (i.e.,
codes. In query processing phase, query graph ifequent fragments) of graphs in a database. After
parsed and canonical codes are constructed. Query'§electing  discriminative  frequent  fragments,
codes and DB fingerprint's codes are compared tocanonical codes are constructed for these frequent
get candidate answer set. Finally, candidate answefragments. And then DB fingerprint of the codes is
set is verified to ensure the query graph reallyPuilt.

contains in it or not by performing simple subgraph (2) Query processing, which consist of two steps: (i)

isomorphism test on each graph one by one. Search, which parse the query graph and then
canonical codes are constructed. Then, the codes of
1. Introduction query and DB fingerprint are compared to get

candidate answer set of query graph (ii) Verifiocati

Recent technological and scientific advances hav&vhICh verify the candidate answer set to ensure the

resulted in an abundance of data that describe an%“e“l/ graEh re"’:'Y contalr;]s_ in it or not by ierfmg;
model phenomena in terms of primitive componentsSlmp e subgraph isomorphism test on each graph one

and relationships between them. Graphs are used
model complex data objects in a number of
applications, e.g., network intrusion detection %,
the semantic web [3], behavioral modeling [4, 5],
VLSI reverse engineering [6], Link analysis [7,8],
and chemical compound classification [9, 10].

At the core of many graph-related applications,
lies a common and critical problem: how to
efficiently process graph queries and retrieveteela
graphs. In some cases, the success of an appticatio
directly relies on the efficiency of the query

The remainder of the paper is organized as
follows: related work is presented in section 2.
Section 3 defines the preliminary concepts, sedfion
describes our indexing and querying mechanism,
insert/delete maintenance is presented in sectjon 5
section 6 identifies advantages and disadvantafjes o
proposed technique and final conclusions are drawn
in section 7.
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2. Related Work index. This method is based on defining a set of
frequent subgraphs that will define the index. This

Several indexing techniques [17] have beennverted graph index is composed of: -a Graph Array
developed for graph queries. Shasha et al. [11\]\/hich is the association of ID with th®&Tolerance
proposed a path-based technique called GraphGreflosed Frequent subgraphs
GraphGrep enumerates paths up to a threshold length the set of graphs,
from each graph. An index table is constructed wher - an Edge Array, which stores the set of edgefi®f t
each row stands for a path and each column stands fset of graphs,

a graph. Each entry in the table is the number of 2 list of ID-entries.

occurrences of the path in the graph. Queries are A graph g is ag-Tolerance Closed Frequent
processed in two phases. The filtering phaséubgraph if and only iyeF whereF is the set of
generates a set of candidate graphs for which thErequent subgraphs. A graph ¢ considered a
count of each path is at least that of the quehe T Frequent subgraph jfre(g:)>(o-|Databasel) where
verification phase verifies each candidate graph byTeq(g1)=I{g1.g1'€EDatabase,g1'2g:}| and(0<w<1)
subgraph isomorphism and returns the answer set. is a user-specified minimum frequency threshold. An

Yan et al. [12] proposed Glndex that uses frequentD-entry is a list of ID-arrays which are sets Dfslof
patterns as index features. Frequent patterns eedughe §-Tolerance Closed Frequent subgraphs in the set
the index space as well as improve the filterinig.ra of graphs according to the number of times they
In a subsequent paper, the authors have extend€@ntain a specific edge.
their idea to partial matches of given queries [13]

He and Singh [14] develop a tree-based indeX3. Preliminary Concepts
called Closure-Tree, or C-tree, in which each nofde
the tree contains discriminative information abisit

descendants to facilitate effective pruning workeT i ihis paper and give the formal problem defimitio

summary information is like a “bounding box” of the 5q an important data structure, the labeled graph i

structural information of the constituent graphsl&n e to model complicated structures and schemaless
is represented as a graph closure. In C-tree ingexi data, e.g., XML is a kind of directed labeled graph

approach, the summary graph in the index strudsure 5 chemical compounds are undirected labeled

a gener_alized graph which is a structu_ral u_niothef graphs. In this paper, we propose the graph ingexin
underlying database graphs. A pair wise graphyng querying method for undirected labeled graphs;
comparison performed through heuristic techniquesy,yever it is easy to extend our method to directed

For subgraph, the subgraph isomorphism problem igypejeq graphs. Some definitions are presented as
handled by an approximation technique called pseudgows:

subgraph isomorphism. And for similarity queries, nefinition 1 A labeed graph G is a five element
graph similarity is defined based on edit distaand tuple G = {V, E, XV, SE, I} where V is a set of
then compute it using heuristic graph mappingertices and Bz V x V is a set of undirected edges.
methods. >V and XE are the sets of vertex labels and edge

. Zhao et al [15] p.ropc?sed a new tree-baseq,peq respectively. The labeling function | defiribe
indexing approach, which is called (Treg+ The mappings V— =V and E— SE.

strategy is to first select frequent tree-featuaeghe  pqfinition 2 A labeled graph G = (V, BV, 3E, I) is
basis of a graph index, and then on-demand SedeCtSisomorphic to another graph G= {V', E, 3V, 3E/,

small number of discriminative graph-features that|,} denoted by G- G, if there exists a bijection f ; V
can prune graphs better than the tree-features just \, ¢,ch that

selected, without performing costly graph mining in 1L.vueV, (I (u) =)

the beginning. This study proposed a new appraach 173 VU, Ve V, ((u, V)€ E & (f (u), f (v) € EY), and
estimate the pruning power of a graph-feature gy it3 (U, VIE E, (I(u, v) = I (f(u), f(v)))

Subtree-features with upper/lower bounds. The bijection f is called an isomorphism between

_ nges Cheng et al [16] have worked on a NEVS and @ We also say that G is isomorphic toaad
indexing method on graph databases based Oce versa. A graph automorphism is  an
frequent subgraphs by constructing a nested imverteisomorphisn; from G to itself
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Definition 3 A labeled graph G issubgraph 4.1. Index Construction

isomorphic to a labeled graph 'Gdenoted by G= Index construction is a preprocessing step which is
G, if there exists @ubgraph G of G such that G is performed before real query processing.

isomorphic to G.

Definition 4 Given a graph database D = {a@p, ...,
O}, the support set of graph g, denoted by Dis o .
defined as the subset of D to which g is subgraph "€ €dge dictionary contains two parts: edge
isomorphic. Q= {glg< g, g € D}. |dent|f|(_ar (ID) and edge _|n_ the_graph (Edge) whigsh
Problem Statement: In this paper, we investigate the the.unlque edge contr_;unlng_ in the database. In the
following graph query problem. For a graph dictionary, an edge e is defined as 3-tuple {uy)

databaseD and a query graph, find D, € D that where u and v are labels of the vertices and the
supportg , d labels of the edge itself. Each edge appears ordg o

Figure 1 and 2 show sample graph database ar{B the edge dictionary, no matter how many times it

sample query graph of chemical compounds"]lppears in the graphs.

4.1.1. Edge Dictionary

respectively. When a graph introduces in the graph database,
the edge is not in the dictionary, the edge is then
edges and vertices.

the distinct edges are taken from the graph. Aed th
inserted into the dictionary and the correspondihg
s Tablel. Example Edge Dictionary
Edge
. <H,s,0>

d s it needs to check whether these edges alreadyiaxist
e e the edge dictionary. If the dictionary containssthe
d
of the edge dictionary increases serially. Mosphsa
<0,d,C>

e s edges, we look up the corresponding identifierat t
in
<0,s,C>

edge and use the identifier for further processihg.
@ the chemical compound database have most similar
<0O,s,H>

-bo.)l\)lda

@;

Figure 1. Sample Graph Database

4.1.2. Frequent Fragments

Given a graph database D[z the number of
graphs in D where g is a subgraphg| | called
(absolute) support, denoted by support(g). A grgph
is frequent if its support is no less than a minimu
support threshold, minSup. As one can see, frequent
graph is a relative concept. Whether a graph is
Figure 2. Sample Query Graph frequent or not depends on the setting of minSup. W
use the term “fragment” to refer to a small subbrap
(i.e., substructure) existing in graph database$ an
) o ~query graphs. In order to reduce the overall index

The processing of graph queries in our techniqugjze 't is appropriate for the index scheme toehav
can be divided into two major steps: indeXoy minimum support on small fragments (for
Construction and query processing. completeness) and high minimum support on large
fragments (for compactness). This criterion on the

4. Proposed Indexing Technique
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selection of frequent fragments for effective indgx ¢ < « Dy, it implies the presence of fragment x in a
is called size-increasing support constraint. graph can be predicted well by the presence of its
Size-increasing Support:Given a monotonically subgraphs. Thus, fragment x should not be used as a
nondecreasing function, f(l), pattern g is frequentindexing feature since it does not provide any kiene
under the size-increasing support constraint if ando pruning if its subgraphs are already being wsed
only if support(g) >= f(len(g)), and f(I) is a size indexing features. In such case, x is a redundant
increasing support function. By enforcing the size-fragment. In contrast, there are fragments whieh ar
increasing support constraint, we bias to smallnot redundant, called discriminative fragments.
fragments with low minimum support and large Discriminative  Fragment: Fragment x is
fragments with high minimum support. Especially, discriminative with respect to F if

we always choose the (absolute) minSup to be 1 for Dy <<pgefnt cx Df (2)
size-0 fragment to ensure the completeness of the In (2), since Ris always a subset 6f ¢ ¢ <,Dy,
indexing. This method leads to two advantages: (1x should be either redundant or discriminative.
the number of frequent fragments so obtained isfTmucObviously, redundant fragment is a relative concept
less than that with the lowest uniform minSup, andwe provide a simple measure on the degree of
(2) low-support large fragments may be indexed welredundancy. Let fragments, ff,,..., f, be indexing

by their smaller subgraphs; thereby we do not missragments. We denote 1/Pr(x} f,,..., f)) by 0,
useful fragments for indexing. The graph ids arecalled discriminative ratio.[] has the following
associated with their corresponding frequentproperties:

fragments. 1.0>=1.

By using frequent fragments with the size-2. whenO = 1, fragment x is completely redundant
increasing support constraint, we have a smallesince the graphs indexed by this fragment can be fu
number of fragments to index. However, the numbeindexed by the combination of fragmept f
of indexed fragments may still be huge when the3. when(] >> 1, fragment x is more discriminative
support is low. For example, 1,000 graphs may yasilthan the combination of fragments f Thus, x
produce 100,000 fragments of that kind. It is bothbecomes a good candidate to index.
time and space consuming to index them.4. ( is related to the fragments which are already in
Discriminative fragments are selected to get the be the feature set.
fragments, from the frequent fragments. In the end, The discriminative ratio can be calculated by the
only the most useful fragments are retained asollowing formula:

indexing features. [ =|N; Dg| / Dy 3
Where 0§ is the set of graphs containing x andDy;
4.1.3. Discriminative Frequent Fragments is the set of graphs which contain the fragmentt of

in the feature set.

If two similar frequent fragments; find §, are
contained by the same set of graphs in the databas&1.4. Canonical Codes
i.e., Dy = Dy, it is probably wise to include only one
of them in the feature set. That is to say, cif d Considering that graph isomorphism testing is
supergraph of f, has the same support as f, itnetl  hard; it is inefficient to scan the whole discrimiive
be able to provide more information than f if batle  frequent fragment set to match with the query graph
selected as indexing features. Thysshould be one by one. An efficient solution is to translate a
removed from the feature set. In this case, wes@y graph into a sequence, called canonical labelvdf t

not more discriminative than f. fragments are the same, they must share the same

Redundant Fragment: Fragment x is redundant with canonical label.

respect to feature set F if Canonical codes are constructed by using edge
Dy=petnt cx Dy (1) ids of the discriminative frequent fragments. Fiegju

Where @) is the set of graphs containing x angdiD  fragments are traversed in DFS traversal.
the set of graph containing frequent fragment f. In

(1), each graph in sétrc¢~t c x Df contains all xX's  4.1.5. DB Fingerprint

subgraphs in the feature set F. [fiDclose tdN Fe¢na
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After canonical codes of discriminative frequent
fragments are constructed, DB fingerprint is built
where each row stands for a canonical code and

. . Index Construction Database graphs
GraphID column stands for graph ids that contain v grap
discriminative fragments of this code. |

Generating edge ids by Edge Dictionary |

Table2. Example DB Fingerprint v
Key Graphl D | Selecting frequent fragments |
1 glangg&--- +
2 gz,g4, . | Filtering discriminative frequent fragments |
23 4,9, ... +
134 gl | Constructing Canonical codes |
l 3 l
. P Building DB fingerprint
4.2. Query Processing I [
There are two steps in query processing phase. Query processing Ouerv arap
They are search and verification. \ 4
| Parsing query graph |
4.2.1. Search v
In this step, query graph is parsed and construct | Constructina canonical coc
canonical codes of its fragments. Then DB fingepri Ouenvs Canonica
is checked whether query canonical codes are
contained in it or not. If the DB fingerprint codad Matct _
] No DB canonical codes
guery code are matched, the graphs of this code are & ves
included in candidate graph set. The process is Candidate graph set
continued until all of the query codes finished v
matChing with DB fingerprint codes. | Verify with simple subaraph isomorphi: |
v
4.2.2. \Verification Result graph set of query graph

In verification, candidate answer set of the query
graph is verified to ensure that the query gragttiye
contains in it or not by performing simple subgraph
isomorphism on each graph one by one. GraphGreB. | nsert/Delete M aintenance
[11] proposed an alternative approach.

It records all the embeddings of paths in the graph In the previous sections, we mostly focus on static

database. It performs join operations on these?ndexing, i.e., we did not pay too much attention t
embeddings to figure out the possible isomorphism,,yases Our proposed method can be easily extended
mapping between the query graph and the graphs 'y the dynamic indexing. When a new graph g is

candidate answer set. Considering there are lots %serted to the database, if the edges of g aeadyr
paths in the fingerprint and each path may have teny edge dictionary we simply add g's id to the drap

of embeddings, we find that In some cases It evelyg it of its corresponding codes in DB fingenpri
performs worse than the simplest approach. Thus, WR the edge is new edge, it is inserted to the edge
only implement the simple one in our study. Theicionary and follows the process. When a graji g
overall structure of our graph indexing mechanism i deleted from the database, we simply delete id of g
as follow: from DB fingerprint and if g's id is occurred alofu
some canonical codes, this row is deleted from DB
fingerprint. This operation is efficient as long thg
graphs in the database are homologous, i.e.
representing similar objects, DB fingerprint wilbtn
change dramatically when the graph database varies.
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